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Abstract
Music similarity is known to be a multi-dimensional con-
cept, depending among others on rhythm similarity and tim-
bre similarity. The present study aims to investigate whether
such sub-dimensions of similarity can be assessed indepen-
dently and how they relate to general similarity. To this end,
we performed a series of web-based perceptual experiments
on timbre, rhythm and general similarity in electronic dance
music. Participants were asked to rate similarities of music
pairs on a 4-point Likert scale. The results indicated that the
ratings in the three types of similarity did not completely
overlap and that participants showed slight to fair agreement
in their ratings in all conditions. Together, the results suggest
that it is possible to assess sub-dimensions of similarities
independently to some extent. Interestingly, general music
similarity was not completely explained by the summation of
timbre and rhythm similarity. Based on this, a novel hypothesis
of how general music similarity follows from its contributing
sub-similarities is proposed.
Keywords: music similarity, rhythm, timbre, inter-rater
agreement, perception
1. Introduction
1.1 Music similarity
Music similarity plays an important role in everyday music
listening. It is because of music similarity that music can be
recognized to belong to a certain genre. Because of music
similarity, a new verse/chorus can be identified and as such,
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we recognize and appreciate a structure in music. Computing
music similarity is also extremely important in the digital era,
because this could help us archiving various digitized music
information. Furthermore, retrieving a piece of music from a
database based on a similarity to a whistled or hummed pattern
is also an application of music similarity that receives ongoing
attention (Ghias, Logan, Chamberlin, & Smith, 1995; Nagavi
& Bhajantri, 2014).
Music similarity has received a lot of attention in recent
years. For example, a number of models on music similar-
ity have been proposed (Novello, van de Par, McKinney, &
Kohlrausch, 2013; Pampalk, 2004; Schnitzer, Flexer, & Wid-
mer, 2012; Wolff & Weyde, 2014) next to perceptual experi-
ments (Downie, Lee, Gruzd, & Jones, 2007; Jones, Downie,
Ehmann, 2007; Novello, McKinney, & Kohlrausch, 2011). In
general, these studies agree in showing that different dimen-
sions contribute to music similarities, such as genre, tempo
and timbre (e.g. Novello et al., 2011). It is rather surpris-
ing that most experiments have not included a definition of
music similarity when studied with participants. For example,
Novello et al. 2011 stated that ‘We did explicitly not provide
the participants with any definition of “similar"’. As such, the
interpretation of this term is up to the participants, assuming
that people have a clear idea of this term. However, this con-
cept may not be as clear-cut as researchers hope for, as Pachet
and Aucouturier (2004, p. 1) speak about ‘music similarity in
general (whatever this may mean)’. The current study aims at
contributing to unravel this concept of music similarity.
Similarity can be defined as partial identity
(Cambouropoulos 2009). Two musical pieces are similar if
they share some of their properties. For example, minuets
are similar in their structure while Jazz pieces can be similar
© 2015 Taylor & Francis
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374 A. Honingh et al.
in genre characteristics. As such, we know that a context
influences the way we evaluate similarity of musical pieces
(Berenzweig, Logan, Ellis, & Whitman, 2004; Cambouropou-
los, 2009). Three types of context have been identified, namely
music content related (e.g. rhythm, harmony, form), music
context related (e.g. song lyrics, artist background), and user
context related (e.g. mood, musical training) (Schedl & Knees,
2013). The current paper primarily focuses on the first, the
music content related context. However, we are aware of
influences of music context and user context and will look
into this as well (Section 4.3).
It must be noted that perception of music content features
is not completely independent. For example, since tempo inf-
luences rhythm (Handel, 1992; Honing, Deutsch, Honing, &
Deutsch, 2013), rhythm can not unambiguously be defined
without taking into account tempo. Furthermore, timbre is
known to influence perception of rhythm: if there is a rhythmic
pattern played by two instruments, it can be the timbre of the
instruments that makes us perceive two streams instead of
one (Bregman 1994). Indeed, some models include timbre
features as one of their parameters for simulating rhythm
perception (Lartillot, Eerola, Toiviainen, & Fornari, 2008;
Panteli, Bogaards, & Honingh, 2014). Such interactions among
acoustic features make it extremely challenging to understand
the nature/concept of similarity judgements. Our approach
is to explicitly evaluate perception of ‘sub-similarities’ (tim-
bre, rhythm) and general similarity from the same piece of
music.
Music sub-similarities are factors that influence and con-
tribute to ‘general’ music similarity, but they can also have
value on their own. For example, it has been said that ‘music
taste’ is often correlated with timbre (Pachet & Aucouturier,
2004). Furthermore, rhythm similarity has been used for the
classification of dance music (Chew, Volk, & Lee, 2005). Bes-
ides these practical applications of sub-similarities, research
on sub-similarities may also explain aspects of music percep-
tion such as for example the finding that rhythm similarity can
be described in terms of families of musical rhythms (Cao,
Lotstein, & Johnson-Laird, 2014). Although computational
models have been created for timbre and rhythm similarity
(Aucouturier, Pachet, & Sandler, 2005; Guastavino, Gomez,
Toussaint, Marandola, & Gómez, 2009; Pachet &Aucouturier,
2004; Paulus & Klapuri, 2002), explicit perceptual exper-
iments on these sub-similarities have not been performed.
Also, although it has been shown that general music similarity
is interpreted consistently by listeners (Jones et al., 2007;
Novello et al., 2011), this has never been studied in the case
of timbre and rhythm similarity.
In our study we focused on rhythm and timbre similar-
ity, and used the restricted domain electronic dance music
(EDM) as experimental stimuli, because rhythm and timbre
are the two most important musical dimensions in this genre
(Butler 2006). In this way, we hope to find out how per-
ception of sub-similarities contributes to that of general
similarity.
1.2 Electronic dance music
Electronic Dance Music (EDM), or simply ‘dance music’ is
a metagenre encompassing a heterogeneous group of musics
made with computers and electronic instruments (McLeod
2001). Hundreds of subgenres1 and hybrid genres have been
created since the start of EDM in the 1980s (Dayal & Ferrigno,
2014). The continuous and rapid introduction of new subgenre
names into electronic/dance music communities is equalled by
no other type of music (McLeod 2001). Subgenre labels are
however not always uniquely defined, sometimes triggering
debate on musicological differences. Also, single labels have
been used for more than one style, like for example ‘garage’
and ‘hardcore’ (Collins, Schedel, & Wilson, 2013).
In EDM, melodies, vocals and sound effects are layered
over a steady beat. A notable feature of many EDM tracks is
the use of sampling, a practice in which a discrete portion of
sound is recorded and then inserted into a new piece of music
(Dayal & Ferrigno, 2014). EDM tracks can be divided into the
‘four on the floor’ genres such as techno, house, trance, and
the ‘breakbeat-driven’ genres such as jungle, drum ’n’ bass,
breaks etc. Four on the floor genres are typically characterized
by a four-beat steady bass-drum pattern whereas breakbeat-
driven exploit irregularity by emphasizing the metrically weak
locations (Butler 2006).
In EDM, timbre and rhythm are promoted above melody
and harmony (Reynolds 2008). Timbre stands out as a primary
compositional parameter. It is seen as the criterion by which
patterns may be differentiated most easily (Yeston 1976). Most
of the timbre changes that occur in EDM involve an element
either entering or leaving the mix.
Rhythm is typically based on the concept of a ‘loop’, a
repeating pattern associated with a particular (often percus-
sive) instrument or instruments (Butler, 2006; Collins et al.,
2013). Structural changes in an EDM track typically consist
of an evolution of timbre and rhythm as opposed to the usual
verse-chorus division found in pop music (Butler 2006).
Similarity in EDM has been previously investigated by
studying to what extent EDM subgenres have influenced each
other (Collins 2012).
1.3 The present study
In this study, we measured three types of similarities (rhythm,
timbre and general similarity) and studied interactions among
them. Two measures of consistency check were applied, inter-
and intra-rater agreement.
Many previous studies concentrated on the similarity of
entire musical pieces (Pachet & Aucouturier, 2004; Schnitzer
et al., 2012). However, this approach may be ambiguous when
interpreting the results, because it is not known which part
1The terms ‘subgenre’ and ‘style’ will be used interchangeably here,
so as to cite the used resources as closely as possible. With both terms
we mean the stylistic attributes of the music without the cultural
context.
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Perception of timbre and rhythm similarity in electronic dance music 375
of music was used for the similarity rating. Therefore, in
this study, we will focus on the similarity of relatively short
segments of music.
We expect that, in general, high similarity perception in any
of the two sub-similarities would result in higher general simi-
larity. However, it could be the case that the general similarity
is a (weighted) sum of both sub-similarities, or that one sub-
similarity overrule another. The perception of sub-similarities
and its interaction with general music similarity is a whole
new research area to explore, and we make the first step.
2. Methodology and experimental design
2.1 Experimental procedure
A series of web-based experiments have been carried out
in this study, all addressing some form of music similarity.
Two of the the experiments focused on timbre similarity, two
on rhythm similarity and one on general music similarity.
The initial goal of the experiments was to measure inter-
rater agreement, the degree of agreement among participants,
and intra-rater agreement, the degree of agreement among
repeated ratings by a single participant (see Section 2.3 and
Table 1).
All experiments started with an informed consent form with
an overview of the purpose, the task, and the rights of the
participants such as confidentiality. After accepting the con-
ditions, the participants were taken to a set-up page where
they were asked to adjust the volume to a comfortable level
by providing an EDM track (‘Kong’ by Bonobo) that had the
same loudness level as the experimental segments.
After this set-up stage, there was an explanation stage. Since
participants might be unfamiliar with the term timbre, in the
experiments on timbre, the participants read the following
explanation: ‘Timbre can be described as being the tone colour
or sound quality’. For explaining the concept of rhythm and
timbre similarity, we used synthesized example pairs (see
Section 2.2.3). Participants were invited to listen to pairs of
EDM segments while getting information about the similarity
of the segments. Participants in the experiments on timbre
similarity were presented with example pairs explain-
ing the concept of timbre similarity; participants in the exp-
eriments on rhythm similarity were presented with example
pairs explaining the concept of rhythm similarity. Similar pairs
were accompanied by the text: ‘We consider these segments to
be similar in timbre/rhythm’. Non-similar pairs were
accompanied by the text ‘We consider these examples to be
“not similar" in timbre/rhythm, meaning somewhere in the
range between “somewhat similar" to “dissimilar"’. Partici-
pants could listen to the example pairs as many times as they
needed in order to understand the concept of timbre/rhythm
similarity.
Following previous experiments on (general) music simi-
larity (Downie et al., 2007; Novello et al., 2011) the concept of
general music similarity was not explained in the experiment,
such as not to bias the participants towards certain dimensions
but to assess the concept holistically.
In the rating phase, participants were asked to listen to
pairs of EDM segments (‘Listen to the following audio clips’)
and to rate the pairs based on the similarity of the segments
(‘How similar are they?/How similar are they in their tim-
bre/rhythm?’).A4-point Likert scale was used for this end: (1)
dissimilar, (2) somewhat dissimilar, (3) somewhat similar, (4)
similar. An even scale was chosen such that participants could
not choose a middle category but were forced to think about
their choice a little harder when they were unsure. The Likert
scale allowed us to calculate inter-rater agreement among
many participants, to compare different ratings directly, and
to infer similarity matrices from the ratings. Depending on
the application scenario, other paradigms can be used for
similarity analysis as well (Novello et al., 2011; Wolff &
Weyde, 2014).
Participants were also asked for their confidence on the rat-
ing they selected on a 3-point scale (not confident, somewhat
confident and confident). Participants who took part in an ex-
periment on inter-rater agreement of timbre/rhythm similarity
were asked to rate 60 pairs of segments (music material set
1, see Section 2.2.1). Participants in an experiment on intra-
rater agreement were asked to rate 18 pairs of segments (music
material set 2, see Section 2.2.2), and to repeat the experiment
five times in a period of three weeks. The order in which pairs
were represented was randomized every time.
After completing the ratings, participants found a question-
naire where they were asked about their age, gender, musical
expertise in general and within the EDM spectrum. They were
also asked to write down the strategies they used to give
accurate ratings.
2.1.1 Pilot
A pilot experiment was conducted for timbre and rhythm
similarity (Experiments 1 and 3), in which the above outlined
procedure was followed. For this pilot, we invited colleague
researchers and students. The average ratings of this were used
to confirm the choice of the 20 segments that comprise music
material set 1 (Section 2.2.1), and to select the segments music
material set 2 (Section 2.2.2).
2.1.2 Participant recruitment
Participants for Experiments 1, 3 and 5 (see Table 1) were
invited via several media. A link was given personally to
some participants, posted on social networks, mailing lists,
and internet forums both specialized and non-specialized in
EDM to retrieve as much information as possible from differ-
ent populations.
We intended for participant groups of the different exper-
iments not to overlap. We invited participants to only one
experiment (either 1, 3 or 5), and posted invitations for the
different experiments to different websites. Furthermore, the
length of experiments 1 and 3 was around 45 min, such that it is
unlikely that participants completed more than one
experiment.
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376 A. Honingh et al.
Table 1. Overview of experiments done in this study. Inter-rater agreement (inter) and intra-rater agreement (intra) were measured.
Exp 1 Exp 2 Exp 3 Exp 4 Exp 5
Similarity criteria Timbre Timbre Rhythm Rhythm General
Music material set type 1 2 1 2 2
Analysis inter intra inter intra inter
Participants for Experiments 2 and 4 (to measure intra-
rater agreement) were invited personally. Since the goal of
these experiments was to show that it is possible to provide
consistent ratings, individuals with some musical experience
were selected.
2.2 Stimuli
Two sets of stimuli were used.2 Music material set 2 is a subset
of music material set 1.
2.2.1 Music material set 1
The stimuli used in Experiments 1 and 3 were a set of 20
twelve-second segments from commercially released EDM
tracks. All possible combinations of pairs (190 pairs in total)
were used in the experiment. To select the 20 EDM segments
we tried to satisfy the following criteria:
(1) The set is representative of EDM and balanced over
the different subgenres.
(2) The tempo is within a range of 110–133 bpm.
(3) The set is balanced over different acoustical features
in the dimensions of timbre and rhythm.
(4) The set includes pairs of music that fall in one of
the following four categories:
• high rhythm similarity–high timbre similarity
• high rhythm similarity–low timbre similarity
• low rhythm similarity–high timbre similarity
• low rhythm similarity–low timbre similarity
The first criterion was necessary in order to be able to make
claims about the whole spectrum of EDM. However, as we
saw in Section 1.2, hundreds of subgenres exist and subgenre
labels are not always uniquely defined. Therefore, subgenre
labels could not be used for the selection procedure. Instead we
proceeded as follows. An EDM expert selected 120 segments
of EDM tracks that were representative of EDM and balanced
over the different subgenres, based on his own expertise. For
these 120 tracks, we investigated the tempo and acoustical
features. The selection of 20 segments was made afterwards.
The criterion on tempo was based on the finding that people
tend to rate pieces that have a similar tempo as overall similar
2Music copyright issues for purposes of the experiments were dealt
with Buma/Stemra association, http://www.bumastemra.nl/en/
(Novello et al., 2011). Since tempo is an important factor in
music similarity, it needs to be controlled and therefore we
chose to select segments within a narrow tempo range.
Criterion 3 was important in order to have a variety of
timbres and rhythms present in the stimuli. We scored each
segment on different features. For timbre we used the
features: Weak-Strong, Soft-Hard, Low Energy-High Energy,
Colourless-Colourful, Cold-Warm, Dark-Bright, Acoustic-
Synthetic, and Empty-Full (Alluri & Toiviainen, 2010). For
rhythm we used the features: Symmetry, Complexity, Event
density, Length of loop, and Syncopation (Panteli et al., 2014).
The scores were perceptual ratings based on listening to the
segments.
The 20 segments were chosen from the 120 tracks based on
tempo and as wide as possible variety of acoustical features.
Also, we checked whether the final set was still balanced over
EDM subgenres by consulting the EDM expert.
Criterion 4 was important to be able to measure rhythm
similarity independently from timbre similarity. If, for exa-
mple, pairs are only present in the categories ‘high timbre
similarity–high rhythm similarity’and ‘low timbre similarity–
low rhythm similarity’, we would not be able to distinguish
timbre similarity from rhythm similarity. The pilot experi-
ment confirmed that criterion 4 was sufficiently satisfied: the
material set contained at least five pairs in each of the four
categories.
Although the data have been carefully selected using the
mentioned criteria, we have not labelled the stimuli with cat-
egories, as has been done in some other experimental studies.
For example, Novello et al. 2011 used the categories ‘genre’,
‘tempo: fast-slow’ and ‘timbre: primary instrument’ to char-
acterize their stimuli. The main reason for not doing this in
our experiment is that it was not our primary goal to interpret
the dimensions of rhythm and timbre (Section 4.4) according
to these categories. Instead, our focus lies on the comparison
of timbre, rhythm and general similarity, for which the above
criteria and especially criterion 4 were most important.
The final set of 20 segments can be found in Table A1 in
Appendix A. All sounds were converted to monaural Wave-
form Audio File Format (.wav) and MPEG-2 Audio Layer III
(.mp3, 320 Kbps) for browser compatibility with HTML5. All
had a fade-in and fade-out of 50 ms to prevent undesired pops
and clicks and were all normalized (using Praat—Boersma
& Weenink, 2015) within ±5 dB according to their mean
loudness level.
In Experiments 1 and 3 every participant was asked to rate
60 randomly selected pairs from the 190 pairs in total. The
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Perception of timbre and rhythm similarity in electronic dance music 377
60 pairs that were rated by the ith participant did not overlap
with the pairs of the i th + 1 and i th + 2 participant to ensure
all 190 pairs were rated a similar number of times.
2.2.2 Music material set 2
In order to measure the intra-rater agreement in Experiment
2 and 4, as well as to measure general music similarity in
Experiment 5, we created a smaller material set. This was
primarily used for a small number of participants who were
asked to rate the same set of pairs multiple times (Experiments
2 and 4). For the comparison between between general music
similarity (Experiment 5) and timbre and rhythm similarity
extra requirements to the material set were added. To be able
to predict how timbre and rhythm similarity would contribute
to general music similarity, it would be important that a consid-
erable number of pairs exists in all four categories of condition
4 from Section 2.2.1.
We have selected 18 pairs from the 190 pairs from music
material set 1, such that a balanced number of pairs would
appear in the following categories:
• high rhythm similarity–high timbre similarity: 3 pairs
• high rhythm similarity–low timbre similarity: 3 pairs
• low rhythm similarity–high timbre similarity: 2 pairs
• low rhythm similarity–low timbre similarity: 3 pairs
• moderate rhythm similarity–moderate timbre similar-
ity: 3 pairs
• moderate rhythm similarity–high timbre similarity: 1
pair
• moderate rhythm similarity–low timbre similarity: 1
pair
• high rhythm similarity–moderate timbre similarity: 1
pair
• low rhythm similarity– moderate timbre similarity: 1
pair
For making these groups, we used a pilot similarity rating
study which used the material set 1. Similarity ratings ranged
from 1 to 4 from high similarity (from 2.8 to 4), moderate
similarity (from 2.2 to 2.8), to low similarity (from 1 to 2.2).
Music material set 2 is shown in Table A2 in Appendix A.
2.2.3 Example pairs
For explaining the concept of rhythm and timbre similarity in
the experiments, we used synthesized example pairs. Synthe-
sized music, instead of real music clips, allowed us to control
parameters for getting the desired sub-similarities. Therefore
we could create pairs that could illustrate the difficult concept
of a high similarity in one dimension together with a low
similarity in another dimension.
Pairs with the following two similarity combinations were
created: high rhythm similarity–low timbre similarity and low
rhythm similarity–high timbre similarity. A pair with high
rhythm and low timbre similarity consisted of the same rhyth-
mic pattern but with different instruments, while a pair with
low rhythm similarity and high timbre similarity consisted
of the different rhythmic patterns but with the same instru-
ments. In this way, the similar timbre example pairs used
the same timbre and the similar rhythm example pairs used
the same rhythm. We have chosen to represent similarity in
this way because, while similarity is a subjective concept, the
ultimate similarity, equality, is not. As mentioned earlier, par-
ticipants may not be able to clearly separate sub-dimensions of
music when judging sub-similarities. It might be hard to hear
a high similarity in a particular dimension (e.g. rhythm) when
the similarity in another dimension (e.g. timbre) is low. The
equality would help the participants to understand that the
dimension that they were asked to pay attention to, was similar
after all.
2.2.4 Control pairs
By distributing the experiment on the Internet, chances of
getting non-serious participants were increased. A first step of
dealing with that was to not include any partially completed
experiment runs. With this procedure we eliminated more than
200 incomplete responses. To further dismiss participants who
have been answering questions randomly or non-focused, we
have inserted a control pair of music segments, one instance at
the start of the experiment, and one (the same pair) at the end.
This pair was chosen to be very dissimilar, both in rhythm and
timbre. The participants who did not give both pairs either the
same rating or adjacent ratings on the scale of 1 to 4, were not
included in the analyses. No participants were excluded based
on this procedure.
2.3 Analysis methods for inter- and intra-rater agreement
The first analysis that was done after each experiment was
to measure the degree of inter- and intra-rater agreement. We
introduce here the methods that were used for this. Further
analyses methods are reported in Section 4. A high degree of
intra-rater agreement is a necessary property to reveal whether
the perception of rhythm/timbre similarity is a stable phe-
nomenon (Novello et al., 2011). A high degree of inter-rater
agreement would support the possibility for the development
of a global perceptual model of rhythm/timbre similarity
(Novello et al., 2011).
Inter- and intra-rater agreement can be measured in different
ways, depending on the nature of the data and the number
of raters. Our data had an ordinal scale and a large number
of raters, and thus most standard measures were not directly
applicable. Therefore, we chose to use three different mea-
sures that can together give an impression of the rater
agreement.
The first measure was Fleiss kappa (Fleiss 1971), following
the approach by Jones et al. (2007). Fleiss kappa is defined as
the degree of actual agreement above chance over the degree
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378 A. Honingh et al.
Table 2. Interpretation of κ values according to Landis and Koch
(1977).
κ Interpretation
≤ 0 Poor agreement
0.01 – 0.20 Slight agreement
0.21 – 0.40 Fair agreement
0.41 – 0.60 Moderate agreement
0.61 – 0.80 Substantial agreement
0.81 – 1.00 Almost perfect agreement
of attainable agreement above chance. This is described by
the equation
κ = P¯ − P¯e
1 − P¯e
, (1)
where
P¯e =
k∑
j=1
p j 2, (2)
p j = 1Nn
N∑
i=1
ni j , (3)
P¯ = 1
N
N∑
i=1
Pi , (4)
Pi = 1
n(n − 1)
k∑
j=1
ni j (ni j − 1) (5)
and where N represents the number of pairs (indexed by i =
1 . . . N ), n the number of ratings per pair, k the number of
categories (k = 4 in our case, indexed by j = 1 . . . k), and
ni j the number of ratings that assigned the ith pair to the jth
category.
Due to the randomization in the experiments that used music
material set 1 (i.e. 60 pairs were randomly taken from the total
of 190 pairs), we did not obtain an equal number of ratings for
all pairs, which is needed for calculation of kappa. Therefore
we used the number of ratings from the pair that was rated
least, and selected that number of ratings at random from each
of the rest of the pairs. This allowed us to get a complete data
set to be analysed. To have a more representative and reliable
analysis of all the ratings obtained, we repeated this process
1000 times, and the mean kappa and p-value were computed.
For the experiments using music material set 2, there was
no missing data. Therefore, the results for kappa could be
calculated on the whole set of ratings. Landis and Koch 1977
created a table for interpreting κ values (see Table 2).
The second measure of inter- and intra-rater agreement is
based on correlation.We computed the correlation between the
ratings of each participant with that of the ‘average participant’
of the experiment. The average participant ratings were simu-
lated by averaging all ratings per pair. For the experiment using
music material set 1, the average participant thus ‘rated’ all
190 pairs. For correlation with (real) participants who rated 60
pairs, only the ratings of the matching pairs were considered.
The reported p-values are the average of all p-values.
The last and a more common measure to give an indication
of the inter-rater agreement is the variance. The smaller the
variance, the more consistent were the raters. The variance
of random ratings, i.e. equal numbers of responses in each
category, equals 1.25. The results of our variance measure
should thus be interpreted with respect to the range [0, 1.25].
Both κ and the correlation range from –1 to 1. The differ-
ences in values between κ and the correlation is caused by
many differences in calculation. One main difference is that
correlation considers only relative position. For example, the
ratings (1, 2, 1, 3) are considered perfectly correlated with (2,
3, 2, 4), while the ratings are all different and thus receive a
low κ value.
3. Experiments and results
3.1 Experiment 1: Inter-rater agreement of timbre
similarity
A large-scale online experiment was created to assess the per-
ceived timbre similarity in EDM, and its inter-rater agreement.
The experiment ran from March to June 2014.
3.1.1 Participants
A total of 62 complete responses was received from 31 female
and 31 male participants between 19 and 65 years of age
(mean = 27.1, SD = 9.1). Forty participants reported having
received formal musical training, starting between the ages of
5 and 25 (mean = 10.6, SD = 4.8). The styles they received
training in include classical, pop, rock and jazz. Twenty-one
of all the participants stated that they work with music profes-
sionally, mainly as producer and audio engineer. Although 55
participants were familiar with EDM to variable degrees, they
reported knowing less than 20% of the segments on average.
Headphones or ear-buds were used by 54 participants, while
nine reported using loudspeakers. One participant reported
using both methods, and another participant used professional
studio monitors.
3.1.2 Experimental procedure
The experimental procedure such as explained in Section 2.1
was followed. In the explanation phase, the participants were
presented with example pairs of segments explaining the con-
cept of timbre similarity. In the rating phase, each participant
was asked to rate 60 randomly selected pairs from music
material set 1. The task was, to rate the pairs on their timbre
similarity (‘Listen to the following audio clips. How simi-
lar are they in their timbre?’). Figure 1 presents an example
screenshot of a trial.
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Perception of timbre and rhythm similarity in electronic dance music 379
Fig. 1. Screenshot of fragment of the online experiment on timbre
similarity.
3.1.3 Analysis and results
The results of inter-rater agreement measures introduced in
Section 2.3 are summarized in the first column in Table 3.
The kappa statistics indicated a slight agreement among par-
ticipants, the correlation was 0.48 and the variance 0.91. The
reason the agreement was rather low is not known. This could
be due to the task difficulty: if the task is too difficult, a par-
ticipant may have problems with performing it in a consistent
manner. We will refer to this issue in Experiment 2. Another
reason could be that sub-groups might exist that agree more
amongst each other than the whole group does. In Section 4.3
we will go into detail about this option.
With respect to the strategies that the participants used for
their ratings, few common methods were identified. First,
participants tried to separate the sound into different instru-
ments and to categorize the sounds in this way. The second
method was to actually play the segments simultaneously.
The third method was to compare the overall tone colour
or feeling, and the fourth method that was identified was to
classify the sounds, such as: warm, cool, distorted, acoustic.
Surprisingly, rhythm and rhythmic elements were mentioned
by some participants as well, while others stated that tempo
and rhythm were difficult to ignore. We will further investigate
listener strategies in Section 4.3.
3.2 Experiment 2: Intra-rater agreement of timbre
similarity
To find out how reliably one can perform the similarity judge-
ment of timbre, we asked three individuals to take part in
the same experiment six times and assessed the intra-rater
agreement. Experiment 2 used music material set 2 (Section
2.2.2).
3.2.1 Participants
Three participants took part in this experiment. The first par-
ticipant was male, 29 years old, musically trained in classical
music since the age of six. He played the flute, the piano and
bass guitar. He reported being an EDM listener and researcher,
and knew over 30% of the tracks used in the task. He used
headphones to listen to the stimuli throughout the task.
The second participant was male, 22 years old, and trained
in various styles of music since the age of eight. He played
the piano and is somewhat familiar with EDM as a listener,
knowing less than 10% of the tracks used in the experiment.
He used ear-buds to listen to the music in the experiment.
The third participant was female, 26 years old, and trained
in various musical styles since the age of eight. She played the
flute and piano. She reported working with music profession-
ally as a Deejay. She reported to be very familiar with EDM,
and knew 10 to 20% of the tracks. She used headphones to
listen to the music in the experiment.
3.2.2 Experimental procedure
The experimental procedure such as explained in Section 2.1
was followed. The participants were asked to rate the timbre
similarity of 18 pairs of music material set 2. They only had
to fill in the questionnaire once after the first session. A total
of six experimental sessions took place in a period of three
weeks. The order of the pairs was randomized every time.
3.2.3 Analysis and results
The measures of Fleiss kappa, correlation, and variance were
calculated as described to measure the intra-rater agreement.
The mean values for κ , correlation and variance are given in
Table 3. The kappa statistics indicated a fair agreement among
participants, whi ch is in proportion to correlation of 0.83 and
a variance of 0.18.
With respect to the strategies, participant 1 stated that he
‘tried to find similar instruments and compared their spectral
components’. Participant 2 stated that he ‘sometimes just fol-
lowed his intuition’ and sometimes tried ‘to deconstruct the
tracks to their various “channels” (like base drum, hi-hats,
synthesizer) and compare their timbres’. Participant 3 stated
that she was ‘listening to instruments and sounds used’.
3.3 Experiment 3: Inter-rater agreement of rhythm
similarity
Similar to Experiment 1, a large-scale online experiment was
created to assess the perceived rhythm similarity in EDM and
its inter-rater agreement. The experiment ran from March to
June 2014.
3.3.1 Participants
A total of 57 complete responses was received from 13
female and 44 male participants between 17 and 52 (mean
= 27.9, SD = 8.0). 31 participants reported having received
formal musical training, starting between the ages of 4 and
20 (mean = 9.4, SD = 4.7). The styles they received training
in include classical, jazz, pop, rock, and even electronical. Of
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Table 3. Results of experiments done in this study. Experiments 1, 3 and 5 show the results of inter-rater agreement expressed in Fleiss kappa,
inter-rater correlation and variance, while experiments 2 and 4 show the results of intra-rater agreement (the mean values are presented here).
The p-values for Fleis kappa were all smaller than 0.001, and the p-values for the inter-rater correlation were all smaller than 0.05.
Exp 1 Exp 2 Exp 3 Exp 4 Exp 5
Similarity criteria Timbre Timbre Rhythm Rhythm General
Music data set type 1 2 1 2 2
Number of trials per participants 60 18 60 18 18
Number of participants 62 3 57 3 25
Number of repetitions per participant 1 6 1 6 1
(mean) kappa 0.06 0.30 0.16 0.38 0.16
(mean) inter-rater correlation 0.48 0.83 0.64 0.84 0.62
(mean) variance 0.91 0.18 0.78 0.18 0.65
all participants, 19 people stated that they work with music
professionally, mainly as a musician.Although 51 participants
were familiar with EDM to variable degrees, they reported
knowing less than 20% of the segments on average. Head-
phones or ear-buds were used by 44 participants, while 16
reported using loudspeakers and some participants listened in
multiple modalities.
3.3.2 Experimental procedure
The experimental procedure such as explained in Section 2.1
was followed. In the explanation phase, no explanation of
rhythm similarity other than the example pairs were given.
In the rating phase, each participant was asked to rate 60
randomly selected pairs from music material set 1. The task
was, to rate the pairs on their rhythm similarity (‘Listen to the
following audio clips. How similar are they in their rhythm?’).
3.3.3 Analysis and results
Values for Fleiss kappa, correlation and variance have been
calculated, now applied to the data that resulted from the
experiment on rhythm similarity. As can be seen from Table 3,
participants agreed slightly on the task of rating rhythm simi-
larity according to the Fleiss kappa measure, while the corre-
lation was moderate, and the variance was 0.78. Comparing
these results to the experiment on timbre similarity, we see
that people agreed more in the dimension of rhythm than in
that of timbre. We do not know yet whether this is because the
task of rating rhythm similarity is easier than the task of rating
timbre similarity, or perhaps because there are more strategies
for rating timbre similarity.
The participants were asked what strategies they used in
rating the pairs. A number of aspects were mentioned. Partic-
ipants tried to compare the segments by reproducing, tapping
along with or dancing to the rhythm. Some participants played
the segments simultaneously. They also listened to different
layers/streams of rhythm, and focused on rhythm aspects such
as syncopation, time signature, periodicity, groove, swing and
the rhythm pattern itself. Also tempo was mentioned as a
factor. Some participants clearly stated that they tried to ignore
the tempo and focus on rhythm regardless of tempo. Others
mentioned that they used tempo as well. It was furthermore
mentioned that it was difficult to ignore the timbre.
3.4 Experiment 4: Intra-rater agreement of rhythm
similarity
This experiment investigated whether an individual partici-
pant could consistently rate 18 pairs of EDM segments with
respect to rhythm similarity. Therefore, the intra-rater agree-
ment was calculated on the basis of repeated rhythm similarity
ratings by a participant. The participants were asked to rate the
same pairs of segments six times. For this experiment, music
material set 2 was used.
3.4.1 Participants
Three participants took part in this experiment. The first par-
ticipant was a male, 25 years of age, trained as a musicologist,
and received early-life musical training since the age of 7. He
played the piano, guitar, drums and percussion and worked
with music professionally. He reported being an EDM listener
and knew between 20% and 30% of the tracks used in the
task. He used headphones to listen to the stimuli throughout
the task.
Participant 2 was a male, 36 years old, received musical
training since the age of 8. He played the clarinet and reported
to be unfamiliar with EDM, and knew less than 10% of the
tracks. He used headphones to listen to the music.
Participant 3 was a female, 23 years old, received musical
training since the age of 9. She played the violin and was very
familiar with EDM as a listener, and knew between 20% and
30% of the tracks. She used headphones to listen to the music.
3.4.2 Experimental procedure
The participants were asked to rate the rhythm similarity of
18 pairs of music material set 2. They only had to fill in
the questionnaire once after the first session. A total of six
experimental sessions took place in a period of three weeks.
The order of the pairs was randomized every time.
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3.4.3 Analysis and results
The mean values for κ , correlation and variance are given in
Table 3. The kappa statistics indicated a fair agreement among
participants, which goes together with a correlation of 0.84 and
a variance of 0.18. This shows that the task of rating rhythm
similarity is, at least for these participants, not too difficult to
perform.
With respect to the strategies, participant 1 stated that he was
‘listening to complexity or regularity of different instruments,
listening how beats are subdivided (more 8th notes or more
triplets or more 16th notes), imagining how I would move
along to it’. Participant 2 stated that he was listening to the
‘bass rhythm, (non-) existence of regular pulse, and irregu-
larities’. Participant 3 stated that she was ‘tapping along with
the rhythm, focussing on the bass or drums and trying not to
listen to the melody-like instruments’.
3.5 Experiment 5: Inter-rater agreement of general music
similarity
In this experiment, we had participants rating pairs of seg-
ments (music material set 2) with respect to general music
similarity.
3.5.1 Participants
For this experiment, we have received complete responses
from 25 participants (5 female, 20 male) between the ages of
18 and 78 years of age (mean = 31.95, SD = 14.35). A total
of 14 participants reported having received formal musical
education starting between the ages of 5 and 18 (mean = 9.5,
SD = 3.11). The main instruments reported are guitar, piano
and drums, with mentions of violin, recorder and voice. The
styles they were educated in include classical, pop and rock,
and also other genres were mentioned such as Hindustani
classical and American folk. Eight participants work with
music professionally, mainly as performers. Of all partici-
pants, 11 were very familiar and four were somewhat familiar
with EDM. Eight people reported being producer and/or DJ
within this genre. Only two were not familiar with EDM at
all. The majority reported having listened to less than 20% of
the segments before the experiment. Sixteen participants used
headphones or ear-buds, 11 used loudspeakers, and two used
professional studio monitors.
3.5.2 Experimental procedure
The experimental procedure such as explained in Section 2.1
was followed. Contrary to other experiments, no example
screen was given, so the participants would not use any strate-
gies specific to either timbre or rhythm. The task was, to
rate the pairs on their similarity (‘Listen to the following
audio clips. How similar are they?’). All participants rated
the 18 pairs from music material set 2. The order of pairs was
randomized for every participant.
3.5.3 Analysis and results
We report the Fleiss kappa measure, correlation and variance
of the data. As can be seen from Table 3, participants agreed
slightly on the task of rating general similarity according to
the Fleiss kappa measure, while the correlation was 0.62, and
the variance was 0.65.
When asked for the participant’s strategies that they used
during the process of rating, rhythm aspects, such as time
signature, drum pattern and regularity were reported the most.
Other factors were, in order from most mentioned to least men-
tioned: instrumentation/timbre, tempo, genre/style, mood/feel,
and melody.
4. Further analyses
In this section we will further analyse the data that resulted
from the five experiments in this study.
4.1 Comparing experiments 1, 3, 5
First, we compare the results of Experiments 1, 3 and 5. For
making fair comparisons, we have to first align the music
materials. Since the material set 2 is a subset of set 1, it is
possible to select pairs that were used in Experiment 5 from
Experiments 1 and 3. Table 4 shows this comparison, namely,
inter-rater agreement for timbre (Exp 1), rhythm (Exp 3) and
general similarity (Exp 5), all using the same music material
set 2. The measure of inter-rater correlation is not usable on
this smaller set, as its results on timbre and rhythm similarity
are not statistically significant. We see that the values for
kappa and variance are roughly the same for all three types of
similarity.
In the introduction we reasoned that general similarity
contains sub-similarities like timbre and rhythm similarity.
Therefore, as a concept, general similarity would be more
complicated than timbre and rhythm similarity, and we might
have expected that general similarity would have a lower inter-
rater agreement than timbre and rhythm similarity. However,
this was not supported in our findings.
For all types of similarity, the agreement on the confidence
ratings was high, while the variance of the mean confidence
values over all pairs was low (all confidence ratings were
high on average). Therefore, there was no benefit in including
the confidence ratings as weighting into the calculations for
the inter-rater agreement (of similarity ratings). Instead, we
have looked into the confidence ratings independently of the
similarity ratings.
Analyses of the ratings of confidence showed that the con-
fidence ratings of general similarity were significantly higher
than the confidence ratings of timbre and rhythm similarity
(Wilcoxon signed rank test Z = 3.01, p < 0.01 and Z =
3.10, p < 0.001 respectively). There was no significant dif-
ference between the confidence ratings of timbre and rhythm
similarity (Z = −1.07, p = 0.31). This may mean that the
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Table 4. Results of experiments 1, 3 and 5 on music material set 2.
Exp 1 Exp 3 Exp 5
Similarity criteria Timbre Rhythm General
kappa 0.16 (p < 0.001) 0.19 (p < 0.001) 0.16 (p < 0.001)
inter-rater correlation 0.64 (p = 0.19) 0.68 (p = 0.16) 0.62 (p < 0.05)
variance 0.77 0.73 0.65
Table 5. Average confidence ratings for pairs with varying similarity from the experiment on timbre similarity rhythm similarity, and general
similarity.
average confidence rating of pairs rated as timbre similarity (exp. 1) rhythm similarity (exp. 3) general similarity (exp. 5)
similar 2.79 2.81 2.91
somewhat similar 2.46 2.46 2.71
somewhat dissimilar 2.58 2.49 2.72
dissimilar 2.79 2.75 2.91
task of rating pairs on general similarity is on average easier
than the task of rating pairs on timbre or rhythm similarity.
To compare confidence ratings with respect to the similar-
ity categories, we calculated for each participant the average
confidence for each similarity category (similar, somewhat
similar, somewhat dissimilar, dissimilar). Taking these values
for all participants together, we collected a group of confidence
ratings for each similarity category. We compared the four
groups of confidence ratings to every other group, using a
Wilcoxon rank-sum test. The average ratings are shown in
Table 5. The confidence values for ratings in the extreme
similarity categories (similar, dissimilar) were significantly
higher than the values in the middle categories (somewhat
similar, somewhat dissimilar). The ratings in the extreme sim-
ilarity categories did not differ significantly from each other,
meaning that it was for people not necessarily easier to judge
dissimilar pairs than similar pairs (or vice versa).
4.2 Interaction between rhythm, timbre, and general
similarity
Before exploring how rhythm and timbre similarity inter-
act with respect to general similarity, it is essential to com-
pare the ratings of rhythm and timbre similarity to know
whether people have rated them differently. To measure this,
we use a Wilcoxon signed rank test, which can be used to
compare related samples or repeated measurements. We ave-
raged all timbre similarity ratings per pair and compared this
to the averages of all rhythm similarity ratings per pair us-
ing the Wilcoxon signed rank test. The test indicated that
the two experiment results were significantly different (Z =
−2.76, p < 0.01). Comparing the rhythm and timbre similar-
ity ratings that only apply to music material set 2, we did not
find a significant difference (Z = 0.588, p = 0.58).
Figure 2 visualizes the mean ratings of the three experi-
ments for all 18 pairs of music material set 2. We see that
in Figure 2(a), the data is spread over the plane, indicating
that pairs in all combinations of high/low timbre similarity
and high/low rhythm similarity are present. We observe from
Figures 2(b) and (c) that only the lower triangles of the plane
are filled. This means that the general similarity of each pair
is lower than or equal to its timbre or rhythm similarity.
This finding is confirmed if we look into the ratings in
more detail. In Table 6 we listed some results per pair (using
music material set 2). Here, the Wilcoxon rank-sum test was
used to calculate whether the rhythm and timbre ratings were
significantly different from the general similarity ratings for
each pair, and to calculate whether the rhythm and timbre
ratings were significantly different for each pair. Note that we
did this test for each pair, using all ratings that were given by
participants that apply to this pair (no averaging).
For nine pairs there was no significant difference between
the ratings of timbre and rhythm similarity. The average simi-
larity ratings are alike in this case, meaning that for these pairs
the degree of rhythm and timbre similarity was similar (e.g.
a pair may have exhibited both high timbre and high rhythm
similarity).
For the other nine pairs, the timbre and rhythm similarity
ratings were significantly different from each other. From
these nine pairs, for eight pairs the general similarity ratings
were significantly different from one of the dimensions (tim-
bre or rhythm). This means that the ratings for general similar-
ity were in agreement with either timbre or rhythm similarity.
Zooming in to this agreement, we see that general similarity
always seemed to be in agreement with (i.e. non-significantly
different from) the dimension in which the particular pair
was rated less similar. For one pair the general similarity was
significantly different from both timbre and rhythm similarity.
We assume that (an)other dimension(s) may have played a role
here.
From this, we cannot say that general similarity in EDM
is influenced more by either of the dimensions of timbre or
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Fig. 2. Visualization of mean ratings for timbre, rhythm and general music similarity for the pairs of music material set 2.
rhythm similarity. Instead we see that general similarity takes
either lower values than timbre and rhythm similarity or is
non-significantly different from the dimension that was rated
lowest.
We may hypothesize from this that general music similarity
behaves like a logical AND-port where the output is only high
(high general similarity) when all sub-similarities (like timbre
and rhythm similarity) are high, and low when at least one of
the contributing dimensions is low. Whether general similarity
really behaves like this has to be determined by studying sub-
similarities and interactions further in future research.
4.3 Listening strategies for timbre, rhythm and general
similarity
From the results of the five experiments, we saw that there
was some inter-rater agreement on the tasks of rating tim-
bre similarity, rhythm similarity and general music similarity.
However this agreement was rather modest. In this section,
we will check if this relatively low agreement was due to user
context (Schedl & Knees, 2013), such as musical training and
familiarity with EDM. We checked the effect of user context
on rating patterns.
4.3.1 Participant groups
We started by investigating the data of Experiments 1, 3 and 5
to check for differences in relation to musical background and
experience with EDM. In the questionnaire that followed each
experiment, the participants were asked to answer questions
about, among others: (1) whether or not they had musical
training, (2) how familiar they were with EDM, (3) how many
of the musical fragments used in the experiment they heard
before, and (4) whether or not they were working profession-
ally with music. We hypothesized that these four attributes
could have an influence on the similarity ratings.
For each type of similarity ratings we split the data into two
groups using these four attributes: musical training versus no
musical training; very familiar with EDM versus not very
familiar with EDM; knowing more than 20% of the music
in the experiment versus knowing less than 20%; working
professionally with music versus not working professionally
with music. For each group we calculated the variance per
pair and the average variance. We compared two groups by
comparing the variances using a Wilcoxon signed rank test.
The results of these calculations can be found in Table 7.
Although the variance can already be interpreted as a measure
for inter-rater agreement, for comparison, we also reported
on the inter-rater correlation for each group (as defined in
Section 2.3). To counteract the problem of multiple compar-
isons, a Bonferroni correction was applied. Since for each
dataset (timbre, rhythm and general similarity), four hypothe-
ses of attributes (ways to split the data) were tested, we lower
our significance level from α = 0.05 to α = 0.05/4 =
0.0125, and report on the group difference (yes/no) accord-
ingly.
From Table 7 we can see that there is a significant difference
between people who had musical training and people who
did not, for the way they rated rhythm similarity. For rating
timbre similarity and general similarity, musical training had
no influence. Another difference was found between people
who are very familiar with EDM (as listener or profession-
ally) and people who are not, for the way they rated timbre
similarity. For rating rhythm similarity and general similarity,
familiarity with EDM had no influence. The fact whether or
not participants were working professionally with music, and
the percentage of music used in the experiment that they heard
before, had no influence on any of the experiments.
4.3.2 Listening strategies
In addition to the idea that rating behaviour can be influenced
by personal characteristics like musical training, it may also
be the case that different listening strategies exist, such as
for example having a focus on the low frequencies, or being
particularly sensitive to vocals or syncopation. It is possible
that such a listening strategy results from the participants
primary instrument or musical training, but this connection
is not considered here.
To get more insight into listener behaviour and particular
listening strategies, we used cluster analysis. Cluster analysis
is an unsupervised learning technique where a set of objects
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Perception of timbre and rhythm similarity in electronic dance music 385
Table 7. Overview of values for variance and inter-rater correlation of data from experiments on timbre similarity, rhythm similarity and general
similarity, and the same values for a number of subgroups, for which is indicated whether there is a significant difference between the variances
of the groups using a Wilcoxon signed rank test. Results for timbre and rhythm similarity are based on music material set 1, results for general
similarity are based on music material set 2. Using a Bonferroni correction, group differences are reported to be significant when p < 0.0125.
timbre similarity rhythm similarity general similarity
var. cor. p var. cor. p var. cor. p
whole music material set 0.91 0.48 < 0.01 0.78 0.64 < 0.01 0.65 0.62 < 0.05
musical training 0.92 0.50 < 0.01 0.81 0.66 < 0.01 0.68 0.66 < 0.05
no musical training 0.94 0.55 < 0.001 0.70 0.68 < 0.01 0.58 0.64 < 0.05
group difference? no (Z = 0.50, p = 0.62) yes (Z = 2.87, p < 0.01) no (Z = 1.24, p = 0.23)
very familiar with EDM 0.84 0.55 < 0.01 0.85 0.67 < 0.01 0.66 0.67 < 0.05
not very familiar with EDM 0.96 0.50 < 0.01 0.75 0.66 < 0.01 0.66 0.62 < 0.05
group difference? yes (Z = −2.96, p < 0.01) no (Z = 1.56, p = 0.12) no (Z = −0.20, p = 0.87)
know more than 20% 0.89 0.62 < 0.001 0.77 0.72 < 0.001 0.69 0.70 < 0.01
know less than 20% 0.91 0.49 < 0.01 0.78 0.65 < 0.01 0.64 0.59 < 0.05
group difference? no (Z = −1.21, p = 0.23) no (Z = 2.14, p = 0.03) no (Z = 0.41, p = 0.69)
working professionally with music 0.91 0.56 < 0.01 0.80 0.67 < 0.001 0.61 0.71 < 0.05
not working professionally with music 0.91 0.50 < 0.01 0.77 0.65 < 0.01 0.66 0.60 < 0.05
group difference? no (Z = −0.60, p = 0.55) no (Z = 0.01, p = 0.99) no (Z = −0.63, p = 0.54)
are grouped in such a way that objects in the same group
(cluster) are more similar to each other than to those in other
groups. By choosing the participants as our objects, and letting
a cluster algorithm decide on the similarity between the ratings
of those participants, a dendrogram (hierarchical cluster) can
result from our data. Participants that are close together in the
tree, have given similar ratings to the pairs in the experiment.
In the experiment on general similarity, all participants
rated all pairs of music material set 2. Therefore, we had
a complete matrix of data for the cluster analysis. For the
experiments on timbre and rhythm similarity, this was not
the case. Participants rated only 60 of the total 190 pairs.
Therefore, in the cluster analysis we had to deal with some
missing data. We solved this by creating a distance measure
that was based on the overlapping part of the ratings (i.e. the
distance between two participants was calculated using only
the ratings that applied to the same pairs).
We investigated clusters that were made with an average
and complete linkage clustering method. The groups resulting
from the cluster algorithm only serve as suggestions for possi-
ble listener groups. We used a Wilcoxon signed rank pair test to
check whether the obtained groups were indeed significantly
different, and tried to interpret the groups using the participant
information from the experiment.
For general similarity, the cluster analysis resulted in two
large groups plus a few listeners that did not belong to each of
these groups (such that we do not consider these). These clus-
ters were indeed found to be significantly different from each
other. Turning to the demographical information that we had
for the participants, we tried to interpret the clusters. Cluster
1, consisting of eight participants, contains seven musically
trained people. With a Wilcoxon signed rank pair test we
checked that indeed this group is not significantly different
from the group of musically trained participants (Z = 1.45,
p = 0.16). Group 2 included only four musically trained
people out of a total of twelve participants, however, this group
was significantly different from the non-musically trained par-
ticipants (Z = −3.55, p < 0.001). A further interpretation by
comparing the clusters to the listener groups considered before
(see Table 7) and the group of timbre raters (experiment 1) and
rhythm raters (experiment 3) could not be found.
For the participants who rated timbre similarity, two clear
clusters (and only a few participants in a third cluster that
we did not consider here) were found as well. Cluster 1,
consisting of 31 participants, and cluster 2, consisting of 23
participants, were compared using a Wilcoxon signed rank
test, and were shown to be significantly different from each
other (Z = −4.97, p < 0.001). Both clusters were compared
to the groups that were considered before (see Table 7), but
the clusters could not be identified as one of these categories.
Looking into the strategies that the people in those clusters
reported on, it was remarkable to see that cluster 1 reported on
‘tempo’ and ‘beat’, in addition to more timbre features. From
this, it seems that cluster 1 was, besides listening to timbre
features, also clearly taking into account temporal aspects of
the music. Comparing the mean ratings of cluster 1 to the
mean ratings of the participants who rated rhythm similarity,
it was found that there was no significant difference (Wilcoxon
signed rank test Z = −0.038, p = 0.97). This suggests that
among the participants who rated timbre similarity, a number
of them have used rhythm elements to rate the pairs. This
could mean that it is difficult for some people to focus solely
on timbre.
The dendrogram illustrating the hierarchical cluster of the
participants who rated rhythm similarity, showed two main
clusters as well. Cluster 1, consisting of 23 participants, and
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cluster 2, consisting of 33 participants, were compared using a
Wilcoxon signed rank test, and were shown to be significantly
different from each other (Z = 5.24, p < 0.001). The clusters
were compared to the clusters that were considered before (see
Table 7), and it turned out that cluster 2 was not significantly
different from the cluster of non-musically trained people who
rated rhythm similarity. With respect to the strategies that
the people reported on, both clusters reported on ‘tapping
along’, ‘time signature’, ‘tempo’, ‘rhythmic patterns’, ‘syn-
copation’ and ‘mixing’. Cluster 2 reported considerably more
on ‘rhythm’ (in general) and ‘movement/feeling’, than cluster
1. This could be explained by the fact that cluster 2 was also
identified to be non-significantly different from the cluster
of non-musically trained people, since for people without
musical training, a musical vocabulary to specify aspects of
rhythm may be lacking.
4.4 Dimensions in rhythm and timbre similarity
In this section we try to identify specific aspects or dimensions
that contributed to rhythm and timbre similarity by means of
an exploratory approach. Since in Experiments 1 and 3 we
have obtained ratings for all 190 pairs, we can fill a full 20×20
matrix that represents all distances (or inverse similarities)
between all possible pairs of the 20 segments from music
material set 1. The value at each element is the mean of the
ratings for that particular pair. Two full distance matrices can
be obtained, one for rhythm similarity and one for timbre
similarity.
Like in the previous section, we will use clustering, now to
represent clusters in the music segments instead of in the par-
ticipants. Using clustering, we may be able to find out which
segments of music belong together with respect to timbre
and rhythm similarity, and as such discover what dimensions
contribute to these kinds of similarity in EDM.
Here we present the dendrograms (trees that result from an
hierarchical clustering method) that were made with the av-
erage linkage clustering method (also known as Unweighted
Pair Group Method with Arithmetic Mean (UPGMA)).
Figure 3 shows the dendrogram for the segments of music
from music material set 1 with respect to rhythm similarity
where the average ratings of all participants have been used.
As we saw in the previous section, for timbre similarity, a
part of the participants might have used rhythm elements to
rate the pairs on the basis of timbre similarity. Since these
ratings would only distort the dendrogram here and make its
interpretation increasingly difficult, we omit these participants
here. The dendrogram in Figure 4 is made from the ratings of
the cluster of participants that was indicated by cluster 2 in the
previous section. The numbers in the dendrograms correspond
to the segment numbers as we used them in the experiment
(see Table A1 in Appendix A).
The dendrograms can be interpreted by listening to the seg-
ments of music and finding common characteristics among a
cluster.Although the segments were rated according to certain
timbre and rhythm categories in the process of selecting the
Fig. 3. Dendrogram illustrating clusters of music segments (music
material set 1) with respect to rhythm similarity
Fig. 4. Dendrogram illustrating clusters of music segments (music
material set 1) with respect to timbre similarity
data (Section 2.2.1), these ratings were only used as a guide for
the selection process and not for interpreting the dendrograms.
Instead, the (groups of) segments of music were assessed
holistically by listening, such as to only label groups that were
clearly identifiable with a single label. The interpretation of
clustering results is known to be a subjective process.
First looking at the dendrogram for rhythm similarity, we
identified a first split indicating irregular rhythm (segments
6 and 17) versus regular/periodic rhythm. Then, there was a
clear distinction in tempo, as segments 2, 9 and 10 were per-
ceptually slower than the rest. Finally, there was a distinction
in simple versus more complex (more syncopated) rhythm,
where the four on the floor type segments were in one group
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Perception of timbre and rhythm similarity in electronic dance music 387
and the breakbeat segments in the other. A further interpreta-
tion of the subdivisions was difficult, and no convincing labels
could be found.
The interpretation of the dendrogram for timbre similarity
was less straightforward. One reason for this is that the inter-
rater agreement for timbre similarity (and for the group of
raters we use here) was lower than for rhythm similarity, such
that different (unidentified) strategies may have played a role.
Another reason may be that timbre similarity contained more
dimensions than rhythm similarity, and that the music material
set may have been too small to be able to observe these. The
first three divisions in the dendrogram each separated two
segments from the rest of the music. It is difficult to base an
interpretation on only two segments, and hence it was not pos-
sible to unambiguously interpret this dendrogram. However,
the first dimension division (segments 6 and 17 versus the rest)
is most clear, and probably represents the division between
noisy segments (6,17) and the cleaner/harmonic segments. To
interpret more dimensions of timbre similarity in EDM, more
music material seemed to be necessary.
5. Summary and discussion
In this study we did experiments to investigate timbre
similarity, rhythm similarity and general music similarity.
Inter-rater agreement was found for both timbre and rhythm
similarity, the agreement for rhythm similarity being slightly
higher than for timbre similarity. Intra-rater agreement values
for each similarity showed that consistent similarity ratings
were given. The intra-rater agreement was higher than the
inter-rater agreement. Such a difference, namely that people
agree more with themselves than with each other, suggests
that personal rating behaviours do exist.
We addressed the question of whether it was possible to
group these behaviours in Section 4.3. We found that two fac-
tors, namely musical training and familiarity with EDM had
influenced the similarity ratings, but in different ways respec-
tively. The results indicated that musical training was found
to influence response patterns of rhythm similarity while fam-
iliarity with the EDM was found to influence timbre similar-
ity. This seems to make sense, as analyses and judgements
of rhythms may require more technical knowledge of music
theory while that of timbre may require more experience with
genres.
Comparison of general music similarity to timbre and
rhythm similarity revealed that general similarity in EDM
is not a weighted sum of its contributing sub-similarities.
Instead we see that general similarity takes either lower values
than timbre and rhythm similarity for a particular pair, or is
non-significantly different from the dimension that was rated
lowest. We may hypothesize from this that general music
similarity behaves like a logical AND-port where the output is
only high (high general similarity) when all sub-similarities
(like timbre and rhythm similarity) are high, and low when
at least one of the contributing dimensions is low. Whether
general similarity really be haves like this has to be determined
by studying sub-similarities and interactions further in future
research.
We found that the task of rating pairs on general similar-
ity tended to be easier than the task of rating pairs on tim-
bre or rhythm similarity (people were more confident). Thus,
although timbre and rhythm similarity may be more specif-
ically defined than general similarity, participants were on
average more confident to rate general similarity than timbre
and rhythm similarity. Rating timbre and rhythm similarity
did not differ significantly with regards to their difficulties as
their confidence values did not differ.
From the clustering of rhythm similarity, we could clearly
observe three dimensions, being regularity, tempo and com-
plexity (foremost through syncopation). The interpretation
of the dendrogram for timbre similarity was more difficult.
Except for the dimensions of noisiness, which could be clearly
observed, more data is needed to identify the consensus of the
remaining dimensions.
In this study, we chose to use only 20 segments of music
since this allowed us to have a reasonable number of people
judge the same pairs of segments so as to be able to compute
inter-rater agreement, which was our first priority. The 190
pairs that resulted from these 20 segments made up a full sim-
ilarity matrix, which allowed us to look into the dimensions of
rhythm and timbre similarity using clustering. However, since
for timbre similarity we could not unambiguously interpret
the dendrogram, one possible conclusion is that the music
material set was not diverse and/or large enough to express
these dimensions.
Knowing that tempo is an important dimension in
music similarity we tried to exclude tempo as a dimension, by
choosing the musical segments within a narrow tempo range
(see Section 2.2). However, the cluster analysis (Section 4.4)
suggested that the little tempo variation that was left within the
data, was used (and reported on) by (part of) the participants.
Thus tempo appeared to be a significant cue when judging the
music similarity.
The results of the analysis on listener strategies (Section
4.3.2) indicated that, from the participants who were invited to
rate timbre similarity, almost half of the participants have used
rhythmic elements to rate the pairs. This raises the question
of participants’ understanding and perception of timbre. One
possibility to account for this is that they did not understand
our explanation and examples of timbre similarity. Another
possibility is that it is so hard to ignore the rhythmic features
when judging timbral aspect of music. Yet another possibil-
ity is that they truly believe that the rhythmic features that
they used were included in the concept of timbre. In any
case, this is an interesting observation and further study is
necessary.
Besides the contribution of this study for the understanding
of concepts of (timbre and rhythm) similarity, the dataset of
participants ratings could also be used for testing computa-
tional models of timbre and rhythm similarity. Data (partici-
pants ratings) are available upon request.
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6. Concluding remarks
We argued that music similarity should be treated as a multi-
dimensional concept, and that the investigation of
sub-similarities like timbre and rhythm similarity and its
interaction with general music similarity could be a fruitful
start to disentangle the complex nature of music similarity
and the perception hereof. From the observed interactions,
we hypothesize that general music similarity may behave like
a logical AND-port, where the output gets high only when
all sub-similarities are high, and gets lower when at least
one of the contributing dimensions is low. This is a testable
hypothesis, and further research will hopefully offer useful
insights.
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Appendix A. Data
Table A1. List of the commercially released tracks from which the 12-second segments have been extracted. The 20 segments lead to 190 pairs
of segments. The start time of the segment is indicated in seconds from the beginning of the track.
Artist Song Start time of segment (s)
1 Aphex Twin Cornish Acid 4.4
2 Cornelius Breezin 40.7
3 The Prodigy Firestarter 237.7
4 Burial Loner 171.8
5 Amon Tobin Get Your Snack On 128.0
6 Clark Com Touch 207.0
7 Underworld Crocodile 125.4
8 Afrojack Die Hard 340.4
9 Massive Attack Teardrop 0.6
10 Leftfield Original 356.1
11 Daft Punk Around the World 245.7
12 Deadmau5 Soma 263.2
13 Squarepusher Fat Controller 170.7
14 Flying Lotus Parisian Goldfish 20.3
15 Tiesto Euphoria 323.7
16 UMEK Efortil 294.3
17 Merzbow Transformed Into Food 16.3
18 Autechre Clipper 119.1
19 Ricardo Villalobos Amazordum 16.3
20 Richie Hawtin Minus-Orange 2 33.1
Table A2. List of the 18 pairs that form music material set 2.
pair number track 1 track 2
1 Aphex Twin – Cornish Acid Afrojack – Die Hard
2 Aphex Twin – Cornish Acid Autechre – Clipper
3 Cornelius – Breezin Burial – Loner
4 The Prodigy – Firestarter Amon Tobin – Get Your Snack On
5 The Prodigy – Firestarter Squarepusher – Fat Controller
6 The Prodigy – Firestarter Ricardo Villalobos – Amazordum
7 Burial – Loner Massive Attack – Teardrop
8 Burial – Loner Deadmau5 – Soma
9 Clark – Com Touch Tiesto – Euphoria
10 Underworld – Crocodile Ricardo Villalobos – Amazordum
11 Afrojack – Die Hard Tiesto – Euphoria
12 Daft Punk – Around the World Tiesto – Euphoria
13 Daft Punk – Around the World Merzbow – Transformed Into Food
14 Tiesto – Euphoria UMEK – Efortil
15 Tiesto – Euphoria Autechre – Clipper
16 UMEK – Efortil Richie Hawtin – Minus-Orange 2
17 Autechre – Clipper Ricardo Villalobos – Amazordum
18 Ricardo Villalobos – Amazordum Richie Hawtin – Minus-Orange 2
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